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Abstract
Data quality is a critical issue in the design and implementation of databases. Often, the information provided
to decision-makers is derived from heterogeneous databases. To determine the quality characteristics of
information provided to decision-makers (derived data), it is necessary to determine how quality characteristics
associated with diverse data sources affect the quality of the derived data. We discuss a methodology to
determine two data quality characteristics, accuracy and incompleteness, that are of critical importance to
decision-makers. We examine how the quality metrics of source data affect metrics for data derived using
relational algebra operations.
Keywords: Data quality, quality metrics, relational algebra, probability calculus
1. RESEARCH OBJECTIVES AND QUESTIONS ADDRESSED
Businesses are realizing the strategic role of data in decision-making activities. As a result, the quality of data used for decision-
making activities has become an issue of interest to practitioners and researchers. Research on data quality has addressed the
identification of data quality characteristics, measurements of quality characteristics and their representations, management of data
quality, and analyzing business impact of data quality. Early work focused on identifying the important characteristics that define
the quality of data (Redman 1996; Wand and Wang 1996; Wang and Strong 1996). Recently, the management of data quality and
the quality of associated data management processes has been identified as a critical issue (Ballou et al. 1998). 
The influence of data quality on the quality of the decision cannot be determined if one cannot measure the quality of the data.
From the perspective of the end user, the quality metrics of interest are those that apply to the information they receive. We focus
on metrics associated with two quality attributes, accuracy and incompleteness, that are of critical importance to users of
information products. Many of the other data quality characteristics are closely tied to these characteristics. For example, lack of
timeliness of data leads to incompleteness or inaccuracy of the data available to users. Similarly, inconsistency results from
inaccuracies or incompleteness in data sources.
When the underlying database management system is relational, the information product is typically derived from multiple tables.
Consider a marketer wishing to identify young professional women who have purchased clothing designed by a competitor. To
provide that information, a table containing demographic data on the target population may need to be joined with a table (or a
set of normalized tables) containing transactions data, which in turn is joined with a table containing data on clothing items. What
is the accuracy of the resulting information? How complete is the provided information? Such quality attributes of the derived
data are functions of quality attributes of the underlying tables. 





















Figure 1.  Relationship between T and S
Given the widespread use of the relational data model in practice, we examine quality measures associated with it. Assessing the
accuracy and completeness of the data requires considering various levels of granularity, e.g., cells, tuples, attributes, or relations.
We concentrate on quality assessments at the relation level for two important reasons. First, users are often provided information
in tabular form. Second, the more detailed the granularity, the more expensive it is to measure and represent the quality metrics
(Reddy and Wang 1995).
We are developing a methodology to assess the quality characteristics of the derived information based on those of the underlying
relations. Kon, Madnick and Seigel (1995) present an error representation schema consisting of three error types—inaccuracy,
incompleteness and mismembership—and show these types to be closed under relational algebra operations. They do not,
however, provide a methodology for operationalizing their framework.  Reddy and Wang provide an analysis of the error
propagation process when only inaccuracies and mismembers are important. As illustrated in the following example,
incompleteness is also a critical data quality attribute, in particular for data warehousing applications that draw upon multiple
internal and external data sources. Consider a business analyst who can obtain data (at comparable costs) for a target market
population from three possible sources. The accuracy and completeness characteristics of the data from the three sources are
shown in Table 1. If the objective is to reach as many members of the target population as possible, then, even though Source A
provides the most accurate data, Source C should be preferred due to its higher reach (based on the product of the accuracy and
completeness parameters).
Table 1.  Quality Characteristics of Available Data
Source A Source B Source C
Accuracy 90% 85% 80%
Completeness 75% 80% 95%
2. TYPES OF ERRORS AND ASSOCIATED METRICS
2.1 Errors
To provide a formal definition of the types of errors that need to be considered, we draw upon the notion of a conceptual relation
T that represents the true underlying real world entity instances (e.g., potential customers) and their attributes of interest. A firm
may store the data on such entity instances in a relation S. The relationship between T and S, depicted in Figure 1, helps in
identifying the nature of errors and the factors that lead to those errors. 
Ideally, all the relevant attributes of each entity instance in T
should be correctly captured in S. That is usually not true in
practice. Some of the entity instances in the real world, TA, are
represented perfectly in S (denoted SA). For some others, TI,
only part of the attributes may be correctly represented (SI).
Some entity instances in the real world, TC (´SC), may not
appear in S at all. A few instances, SM, which are stored in S
may not correspond to any entity instance in the (relevant) real
world. 
Let ti refer to an entity instance in T and sj refer to an entity
instance stored in S. tik (sjk) refers to the kth attribute value for ti
(sj). Let n be the total number of attributes of interest. We
assume that the set of attributes indexed by 1,...,m refer to the
set of primary key attributes. The set of attributes indexed by
m+1,...,n refer to non-primary key attributes. We have:
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• A tuple sjI S is Inaccurate iff {¹ tiIT | (sjk=tik) º k=1,…,m ” ¹ (sjl£til),  l=m+1,..,n}.
• An instance tiIT belongs to the Incomplete set SC  iff { (¬¹ sjI S) | (sjk=tik) º k=1,…,m}.
• A tuple sjI S is a Mismember iff  {¬¹ tiIT | (sjk=tik) º k=1,…,m}.
• A tuple sjI S is Accurate iff {¹ tiIT | (sjk=tik) º k=1,…,m ” (sjl=til),  l=m+1,..,n}.
It is worth noting that inaccurate attribute-values in key fields lead to Mismembers, since the stored data refer to entity instances
that do not belong to the relevant real world. The above definitions are analogous to those provided by Kon, Madnick and Seigel.
Reddy and Wang provide similar (but not identical) definitions for Inaccuracy and Mismember, and do not consider Incom-
pleteness. Interested readers are directed to the cited articles for a comprehensive discussion on how the different errors appear
in the data. 
2.2 Metrics
We describe metrics for the errors using the definitions for accuracy and the different error types.
Accuracy of a relation S, ?S, is defined as the proportion of tuples in S that are accurate.
 where |S| and |SA| are the cardinalities S and its subset SA.
Inaccuracy of a relation S, AS, is defined as the proportion of tuples in S that are inaccurate. 
 where |SI| is the cardinality of the subset SI.
This metric for inaccuracy differs from that of Reddy and Wang as it does not include mismembers caused by incorrectly stored
values of one or more primary key attributes. This interpretation is more rigorous because entity instances are identified by their
primary key attribute values, and such an error identifies an entity instance that is non-existent in the relevant real world.
Incompleteness of a relation S, mS, is defined as the proportion of entity instances in the relevant real world that is not
represented in S.
 where |T| is the cardinality of the set T, |TC| (=|SC|) is the cardinality of the subset TC, and |SM|
is the cardinality of the subset SM.
Mismembership of a relation S, WS, is defined as the proportion of tuples in S that do not correspond to entity instances in the
real world, i.e., 
2.3 Estimation Issues
We use the direct marketing example to illustrate how the metrics are estimated. Table 2 shows data as it pertains to the real world
T, Table 3 shows the data stored in S, and Table 4 describes the errors in S.
Ideally, we need the parameters |S|, |SA|, |SI|, |SM|, and |SC| in order to derive the above measures. In practice, it is usually not
possible to verify the entire table S in order to determine these parameters. Instead, sampling techniques can be used to assess
these parameters. Estimating ?, A, and W are generally straightforward. In order to estimate mS, it is necessary to obtain a sample
of the real world entity instances and then verify what proportion is represented in the database. For instance, in the case of the
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First Name Last Name Address City State Zip DOB
Pat Anderson 1234 Coit New York NY 12587 25-Jan-77
Roberta Williams 5540 Melrose Pl. New York NY 12587 12-Apr-77
Jane Jones 6478 Alpha Rd. New York NY 12587 20-Jan-77
Sarah Johnson 7628 Walnut Hill Los Angeles CA 90006 1-Jul-79
Mary Smith 8277 Royal Lane Los Angeles CA 90006 8-Aug-78
Georgia Campbell 9999 Park Blvd. Los Angeles CA 90006 14-Feb-79
Sandra Mathews 2242 Campbel Rd. New York NY 12587 23-Oct-78
Dana Richards 9872 Oak Bend dr. Los Angeles CA 90006 19-Apr-78
Kim Orsak 5656 Plaza Los Angeles CA 90006 7-Jul-78
Deb Walters 7171 Westheimer Los Angeles CA 90006 4-Apr-79
ID First Name Last Name Address City State Zip DOB Tuple Status
1 Pat Anderson 1234 Coit New York NY 12587 25-Jan-77 A
2 Roberta Williams 5540 Melrose Pl. New York NY 12587 12-Apr-78 I
3 Jane Jones 6478 Alpha Rd. New York NY 12587 20-Jan-77 A
4 Sarah Johnson 7628 Walnut Hill Los Angeles CA 90006 I
5 Mary Smith 8277 Royal Lane Los Angeles CA 90006 8-Aug-78 A
6 Georgia Campbell 9999 Park Blvd. Los Angeles CA 90006 14-Feb-79 A
7 Sandra Mathews 1414 Valley View New York NY 12587 23-Oct-78 I
8 Dana Richards 9872 Oak Bend dr. Los Angeles CA 90006 19-Apr-78 A
9 Steve McMullin 1111 Belt Way San Diego CA 96581 05-Dec-77 M
10 Kim Orsak 5656 Plaza Los Angeles CA 90006 7-Jul-78 A
ID Tuple Status Error Description
2 I Incorrect value for attribute DOB
4 I Null value (incorrect) for attribute DOB
7 I Incorrect value for attribute Address
9 M Does not belong to T
Relation Size    
S 10 0.60 0.30 0.10 0.10
direct marketing example, it may be necessary to do a telephone survey of households in New York and Los Angeles in order to
determine the proportion of the target population (not) represented in the database.
The Tuple Status column in Table 2 indicates whether the tuple is Accurate (A), Inaccurate (I), or a Mismember (M). Data on Deb
Walters is not in S, and is therefore incomplete. Table 5 summarizes the quality measures for S.
Table 2. Conceptual Relation T
Table 3.  Stored Relation S
Table 4.  Errors in S
Table 5.  Quality Profile for CUSTOMERS Relation





















Figure 2.  Selection of Tuples
from S into R
3. RESEARCH METHODOLOGY
We describe the methodology used to derive quality metrics for the relational algebra operation select. Let R be a row subset of
S, obtained by using a select condition. Figure 2 illustrates the analysis. RA, RI, and RM are the set of accurate, inaccurate, and
mismember tuples in R, respectively. Within RM, RM,SM  are due to mismembers in S (i.e., members of SM). Others (RM,SI) are due
to tuples in S that are selected because they had incorrect values in the fields corresponding to the selection criteria. RC refers to
the incomplete set. RC,SI refers to those instances in RC that are represented in S but are not retrieved because they had incorrect
values in the fields corresponding to the selection criteria. RC,SC refers of those instances in SC that would have been selected if
they had been included in S.
We wish to determine the quality metrics for R based on the estimated quality metrics for S, and the sizes of the tables S and R.
In order to do that, we make two assumptions that are widely applicable. First, we assume that each true attribute-value of an entity
instance is a random (not necessarily uniformly distributed) realization from an appropriate underlying domain. This implies that,
without explicitly examining the attribute values, the probability that an arbitrary entity instance satisfies the select condition is
the proportion of entity instances that satisfy the condition. The second assumption is that errors in the stored data S are not
systematic (or, if they are systematic, the systematic cause of the errors is unknown to us). This implies that the inaccurate
attribute-values stored in S are also random realizations of the underlying domains.
Based on these assumptions, we show that the probability of a tuple
matching the selection criterion is the same regardless of whether it
belongs to SA, SI, or SC. Furthermore, this probability is equal to the
probability that an arbitrary entity instance in the real world matches
the selection criterion. The following results have been obtained
(proofs not provided for lack of space).
• S and R have the same accuracy:
• Inaccuracy of R is less than inaccuracy of S:  
• Mismembership of R is greater than mismembership of S:
.
• Incompleteness of R is greater than incompleteness of S:
.
Consider a select condition that retrieves 60% of the rows from S.
Table 6 illustrates how the output quality metrics differ from the
input metrics when S has 1,000 rows. AR is less than AS since some
of the inaccurate rows are included in the result due to incorrect
values on selection attributes and become mismembers in the result.
This also accounts for the increase in proportion of mismembers.
The proportion of incomplete rows goes up because some
inaccurate rows are missed that, if correctly represented, would
have been included.
Our expression for accuracy is identical to that of Reddy and Wang.  However, the expressions for inaccuracies and mismembers
are different and more precise than their analysis. Furthermore, they do not address the critical issue of incompleteness. 
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Relation Size    
S 1000 0.60 0.30 0.10 0.10
R 600 0.60 0.18 0.22 0.16
Table 6.  Input and Output Quality Profile for Selection Operation
4. ONGOING RESEARCH
We are currently analyzing the effect on data quality of other fundamental relational algebra operations. For some operations,
several different scenarios have been considered. For instance, for the project operation, the quality metrics for the output depend
on the nature of attributes included in the output. If only the primary key attribute(s) are projected, all inaccurate rows in the input
become accurate in the output, and there are no inaccurate rows in the output. The mismembers in the original table remain as such
in the output. On the other hand, if only non-key attributes are projected, inaccurate rows typically appear in the output. We are
carefully examining all feasible scenarios, and will present a complete analysis of the propagation of data quality based on
relational algebra operations as it applies to information products. The results will be illustrated using prototypical examples. Our
analysis will provide valuable insights into the error propagation process, and will be particularly useful to designers of data
warehouses.
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